product information to suggest "recommended items" that is related to a given "item of 9 interest". The recommendations generated by these systems can be based on either user-10 to-user collaborative filtering, where the suggestions are functions of the purchases of 11 customers considered to be similar to the current buyer, or on item-to-item collaborative 12 filtering, where the suggestions are made based on the relatedness between items (Linden 13 et al. 2003) . In this research, we focus on those recommender systems that are based on 14 item-to-item collaborative filtering since they constitute the majority of recommender 15 systems in use. 16 Most of the previous work has addressed the value added that these systems provide to 17 consumers. A significant line of work has evaluated the predictive accuracy of 18 recommendations in terms of reflecting the users' true preferences. In these studies, real 19 preference data of customers are obtained from surveys or controlled field experiments 20 and then are compared with the recommendations produced by various algorithms and 21 systems (Herlocker et al. 2004 ; Konstan et al. 1997; Shardanand and Maes 1995) . Some 1 studies (Mobasher et al. 2001 ) have focused on the ability to recommend relatively 2 unknown items that would otherwise be missed by the users. The rationale is that a 3 system that routinely recommends popular or common items could yield a high measure 4 of accuracy, but would be of little value to the users. 5 Despite the growing evidence that recommender systems provide significant value added 6 to the users, research on their business value to the retailers who provide these services is 7 nascent (Adomavicius and Tuzhilin 2005) . It has been intuitively assumed that providing 8 recommendations would increase sales by providing high quality, useful information to 9 customers. Chen et al. (2004) studied the impact of the number of recommendations 10 along with the number of reviews and the quality of the ratings, on the sales of books at 11
Amazon.com. Utilizing cross-sectional data, they found that both the strength of 12 recommendations (measured by the number of recommendations of a book) and the 13 number of reviews that a book receives have significant positive impacts on the sales of 14 the book. 15
The purpose of the current work is to develop a robust empirical method to evaluate the 16 relationship between recommendations and sales. Development of such methods 17 necessitates the incorporation of key dynamics that relate recommendations and sales. 18
One such dynamic that is not considered by previous studies is that the strength of 19 recommendations could have an indirect impact on sales through a retailer's pricing 20 strategy. Recommendations can be viewed as an add-on service bundled with the item of 21 interest to provide more information on its quality. Since a retailer provides this 22 additional service to the consumers, it has been suggested that retailers might charge 1 higher prices for this service (Bergemann and Ozmen 2006) . Eventually the increased 2 price would affect demand in a negative way. Ignoring this indirect impact of 3 recommendations could lead to a biased inference regarding the impact of 4 recommendation systems on sales. 5 Another important dynamic, that has hitherto not been considered, is the potential for 6 simultaneity between recommendations and sales. It is commonly assumed that strength 7 of recommendations is exogenous when analyzing its impact on sales (e.g., Chen et al. 8 2004) . However, the majority of recommender systems are based on collaborative 9 filtering, which utilizes data from both current and past sales. Thus, to the extent that 10 recommendations drive sales, it follows naturally that sales would then impact the 11 strength of recommendations. Therefore, strength of recommendations should be treated 12 as an endogenous variable influenced by sales in order to eliminate an important source 13 of bias in the estimation model. 14 Methodologically, we also contribute by developing a comprehensive measure of 15 strength of recommendations. This measure of considers the number of 'base' items (see 16 Figure 1 ) recommending a book and also takes into account the popularity of the base 17 books from which the recommendations come. Further, it accounts for the nature of the 18 recommendation (i.e., whether the recommendation is 'paired' with the book or only 19 'related' to it), since paired recommendations are more prominently displayed and can 20 therefore have a potentially larger impact than only related recommendations. 21
Applying our model to a panel data set collected from two online book sellers, we found 1 that strength of recommendations received by a book does have significant and positive 2 impact on its sales. On the other hand, the impact of strength of recommendation on price 3 is also significantly positive. Thus, strength of recommendations affects sales negatively 4 through price as an intermediate variable. Overall, however, the net impact of strength of 5 recommendations on sales is still significant and positive, and there exists a strong 6 reinforcing effect of sales on strength of recommendations. We also demonstrate that our 7 comprehensive measure of the strength of recommendations better captures the 8 underlying phenomena than simply the number of recommendations. 9
These findings facilitate understanding of how sales and strength of recommendations 10 interact, and how this interaction is related to a retailer's pricing policy. The knowledge 11 of how sales are affected by strength of recommendations and how prices might be 12 related to strength of recommendations allows unbiased measurement of the true impact 13 of strength of recommendations on demand. It also allows managers to make better 14 decisions concerning integration of recommender systems into their overall marketing 15
strategies. 16
The remainder of the paper proceeds as follows. Section 2 provides a theoretical 17 background and literature review on the influence of online consumer feedbacks and 18 recommender systems, and develops a set of research propositions. Section 3 discusses 19 our data collection and measurement. Section 4 presents our research models and the 20 estimation methods. Section 5 presents our empirical results. Section 6 concludes with 21 discussions, limitations, and potential future research. Consumers can predetermine the quality of search goods based on product specifications 4 before purchasing. However, the quality of experience goods can only be ascertained 5 after their consumption. When making purchasing decisions for experience goods, 6 consumers usually turn to various sources for quality information on the product. 7
THEORETICAL BACKGROUND AND RESEARCH PROPOSITIONS
Empirical studies have shown the impact on demand of product information from various 8 sources such as: pricing (Caves and Greene 1996) ; advertising (Nelson 1974) ; and expert 9 reviews (Eliashberg and Shugan 1997; Reinstein and Snyder 2005) . 10
The Internet provides an ideal platform for consumers to obtain and share quality 11 information on products in various forms of digital word of mouth (Dellarocas 2003) . 12 Chevalier and Mayzlin (2004) examine the impact of online consumer feedbacks on book 13 sales. They found that the difference in the number of reviews received by books across 14 two online retailers leads to the difference in the relative sales of the books across 15 retailers. Gopal et al. (2006) study whether the sales of music is impacted by peer-to-peer 16 music sharing and show that online music sharing has a positive impact on sales of high 17 quality music by providing consumers a way of sampling before purchasing. 18
The Internet also makes available another popular source of quality related information, 19
i.e. recommendations produced by various online recommender systems. Since the first 20 well known recommender system, Tapestry, came into being more than a decade ago 21 (Goldberg et al. 1992 implementing recommender systems on their websites to suggest items to shoppers. In 7 these systems, recommendations are usually made based on a mixture of past purchasing 8 or browsing behavior, characteristics of the items being considered, and demographic and 9 personal preference information of shoppers (Linden et al. 2003; Schafer et al. 2001) . 10
Direct Impact of Recommendations 11
It is argued that recommender systems help increase sales by converting browsers into 12 buyers, increasing cross-sell opportunities, and building customer loyalty (Schafer et al. 13 2001). The abundance of products and product-related information available online 14 makes it harder for shoppers to choose the one that best fits their tastes and needs, thus 15 increasing the search cost for fit (Chen et al. 2004 ). Online recommender systems can 16 help shoppers identify those products that are related to their current interests from the 17 huge collection of available products, thereby reducing the cost of processing product-18 related information. From this perspective, it is expected that strength of 19 recommendations would positively affect the sales of the books being recommended. 20
On the other hand, the credibility of recommender systems is also an important factor in 21 determining the impact of the strength of recommendations on sales. Recommendationscan influence shoppers' decisions only when they are perceived to be objective and 1 credible. Since retailers have full control of what recommendations to make and how to 2 present them, it is natural for shoppers to discount the credibility of online recommender 3 systems because of potential manipulation (i.e. recommendations that deviate from the 4 outcomes generated by the collaborative filtering algorithms) by retailers. This perception 5 is further fueled by anecdotal evidence of retailers manipulating the outcome of 6 recommender systems (Flynn 2006; Mui 2006) . 7
Nevertheless, the fact that most online recommender systems derive recommendations 8 from past purchasing data of all shoppers using collaborative filtering based algorithms 9 does increase the objectivity of recommendations, compared to other customer feedback 10 mechanisms such as reviews and ratings. While reviews and ratings reflect the subjective 11 opinion of shoppers, they could also be easily manipulated by individual users. For 12 example, one can write a product review despite not having purchased or used the 13 product. In contrast, recommendations are derived from the actual purchases of the 14 product, and therefore present an information source that is less likely to be manipulated 15 by anyone other than retailers themselves. One study using experimentations compared 16 the impact of recommendations made by recommender systems and that by other 17 consumers (Senecal and Nantel 2004) . Interestingly, the results showed that 18 recommender systems do have an influence on consumer's choice of a product, and are 19 more influential than other consumers' opinions. 20
Finally, given the richness of the information that is already available on a webpage for a 21 product, a recommendation might easily get lost among all the other information such as 22 product specifications, customer reviews, and ratings.
Therefore, whether 1 recommendations can catch the shopper's attention needs to be verified empirically. The indirect impact of the strength of recommendations on sales is mediated through the 6 retailer's pricing policy, which reflects not only the quality of the product but also the 7 service level received by the buyer. The electronic market dramatically increases the 8 variety of products available to shoppers at any store. While this makes it more likely for 9 a shopper to find a product that better matches her preference, it also increases the search 10 cost for the same shopper to find a product that fits her requirements (Stiglitz 1989) . 11
Certainly a recommender system as a value-added service would increase the shopper's 12 utility by reducing the search cost for fitting products, and some shoppers would be 13 willing to pay a premium to receive recommendations to reduce uncertainty. A similar 14 argument is applicable to customer reviews and ratings as well, which can be considered 15 to be services to reduce the uncertainty about the product's quality. In summary, add-on 16 services like recommendations, reviews, and ratings all increase customer utility by 17 reducing the search cost for quality related information. Empirical studies on shopper 18 behavior at shopbots have shown that some customers are willing to pay a higher price 19 for such additional services (Smith and Brynjolfsson 2001) . In the case of 20 recommendations, the more strongly a product is being recommended, the more 21 customers will be convinced that this product fits their tastes, therefore the more value is 1 added to the product, and the more the retailer can charge. Hence, 2
Proposition 2: Higher level of recommendation strength has a positive impact on price. 3

Simultaneity of Recommendations and Sales 4
The frequency of consumer purchases of a given set of items is an important criterion 5 used in collaborative filtering algorithms to offer recommendations. Thus a 6 recommendation offered by an item of interest suggests to consumers that others who 7 have purchased the same item of interest have also purchased the recommended item 8 with relatively high frequency. To the extent that recommendations are effective in 9 generating additional sales, it follows logically that an additional increase in the sales of 10 the recommender would also increase the sales of the recommended item. This serves to 11 further enhance the strength of recommendation relationship between the two items. 12
Hence, we propose that there exists a reinforcing effect of sales on strength of 13 recommendations as follows, 14
Proposition 3: Higher level of sales has a positive impact on recommendation strength. 15
DATA COLLECTION AND MEASUREMENT
16
We use books as a category for testing our conceptual model because they are experience 17 goods and are homogeneous across different retailers. Another reason for using books is 18 that recommendations for books are almost always other books, making it easier to 19 construct a straightforward measure of recommendations in our study. Further, books 20 have been used by several other studies on digital word-of-mouth, allowing our results to 1 be comparable to the other studies. 2
We chose Amazon.com and Barnesandnoble.com, the two biggest online book sellers, as 3 the source of data collection. These two retailers account for nearly 90% of the online 4 book retailing market (Latcovich and Smith 2001) . Amazon.com, alone counts for more 5 than 70% of the online book market, and is a leader in developing and implementing 6 various customer feedback and recommender systems that are later adopted by others. 7
Amazon.com also provides sales rank information of all the books on its website, which 8 enables us to derive the sales quantity using a well-established methodology (Chevalier 9 and Mayzlin 2004). 10
A screen shot of a webpage of the base book, "March", at Amazon.com is shown in 11 purchasing a bundle of the base book with the paired recommender. In most cases, the 21 paired recommendation is also the first in the list of related recommendations. However,we do observe exceptions where the paired recommendation is from outside of the list of 1 related recommendations. Also available on this page, and related to our data collection 2 are price, average customer rating, number of reviews, and sales rank (not shown in 3
Figure 1 due to the length of the page). Note that the lower the sales rank, the greater the 4 corresponding sales quantity. 5 We limit our data collection to those books that are recommended by the top 5,000-6 selling books (ranking 1 -5,000) of each day during the data collection period. The 7 reason for that is to improve the efficiency of data collection without losing generality. 8
The focus of this study is the recommendations received by a book. We learned from the 9 preliminary data collection that the additional number of recommenders of a book (i.e. 10 from how many more books this book receives a recommendation) decreases with the 11 sales rank of its recommenders. As we increase the search limit for recommenders, we 12 find fewer and fewer additional recommenders and the total number of recommenders 13 flattens out at a certain point. In addition, according to the mapping method from 14 rankings to sales, the top-5,000 selling books account for 80% of the total book sales in a 15 particular day. Therefore, we believe that this restriction would not affect the validity of 16 the results. It is worthwhile to point out that the sales ranks of our sample of base books 17 range from 1 to 9,990. This can be seen from the following discussion of random 18
sampling. 19
To assemble a random sample, we enumerated all books that were recommended by any 20 of the top-5,000 books at Amazon.com on January 1, 2006. This yielded a list of 6,103 21 detailed data for these books for a period of 52 days. The data include price, average 1 customer rating, number of reviews, sales rank, what books from the top-5000 2 recommended that book on that day, and the sales ranks of all those recommenders. We 3 also collected similar data from Barnesandnoble.com every day. Sometimes both 4
Amazon.com and Barnesandnoble.com did not carry the same book, resulting in missing 5 data points. Since our research model is based on a panel data set, we decided to drop all 6 missing data points to make the estimation straightforward. As a result, our final sample 7 consists of a panel data set for 156 books for a period of 52 days. 8
For the sake of estimating the impact of recommendation, it is desirable to construct a 9 single measure that would reflect the overall strength of the recommendations that a base 10 item receives from all recommenders. In general, strength of recommendations depends 11 on: 12 1) How many recommenders are recommending a base item? The more recommenders 13 there are for a base item, the more likely that shoppers with different interests would be 14 led to the base item. 15
2) How many copies of the recommenders are sold? The more customers purchase the 16 recommender, the more exposure the recommendation would get, hence the more likely 17 the base item would be considered for purchase. 18
3) What is the type of recommendation? Is it through a paired recommendation, which is 1 presented in a more noticeable way with a picture of the book cover on Amazon.com 1 , or 2 a related recommendation, which is hidden in a list? It is intuitive to assume that paired 3 recommendation might have higher impact. Nevertheless, it is desirable to at least make a 4 distinction between the two different types of recommendations. 5
Since sales quantity is not publicly available, we turn to the literature that develops 6 models to derive sales quantity from sales rank (Brynjolfsson et Table 1 .We conducted a factor analysis on these four measures 7
and found that they converged to one single underlying factor. Therefore, we label the 8 factor strength of recommendations and use the factor score as the measure of strength of 9 recommendations in our data analysis. Table 2 presents the definitions and descriptive 10 statistics of all data items. 11
RESEARCH MODEL SPECIFICATION
12
Our empirical model consists of three simultaneous equations with sales, price, and 13 recommendation strength as dependent variables, respectively, and is illustrated in Figure  14 
where log rank is the log of sales rank, log price the log of Amazon.com selling price, rec 6 the factor score for strength of recommendations, rating the average star rating, rev the 7 number of recently added reviews, and u a random shock term. Subscript i indexes each 8 book in the sample and t indexes each day during the data collection period. We included 9 a lagged dependent variable to capture the effect of all factors in the past that would have 10 influenced sales but were not included in the model. 11
The demand for a book could be impacted by its intrinsic qualities and other book-12 specific factors. Therefore, it is reasonable to assume that there exists an unobserved 13 book specific effect on sales, which could be represented by a book-specific intercept B i α .
14
The sales could also be affected by some unobserved events that happened during the 15 data collection period, which could be represented by a time-specific intercept T t α . Here cprice is the competitor's price and v is a random error term. We also include the 6 possible book effect and time effect in the presentation. This equation implies that the 7 retailer bases its pricing decision on demand and on the level of add-on service bundled 8 with the book including recommendations, customer reviews, and ratings. Since books 9 are homogeneous goods and there is a stiff price competition among online sellers, the 10 retailer's pricing decision is also influenced by the prices of the competitor's price in the 11 previous period. Since we use a panel data set to estimate (2) -(4), we need to decide whether the book-20 specific and time-specific effects should be incorporated in all three equations.
Alternatively, we can also incorporate a random effect into all three equations. Therefore, 1 we conducted several tests to help decide the final specifications. 2
First an F-test rejected the null hypothesis that there is no book-specific effect in all three 3 equations. Furthermore, a Hausman specification test shows that a fixed book-specific 4 effect is preferable to a random effect. The same tests could not reject the null hypothesis 5 that there is no time-specific effect in all three equations. Therefore, the final 6 specification of the system of equations excludes the time-specific effect term from all 7 three equations. 8
To estimate this system of equations, a Hausman specification test reveals that three-9 stage least square (3SLS) is more appropriate than two-stage least square (2SLS) 10 estimation. In addition, by using time-demeaned values for all dependent and 11 independent variables in (2) -(4), we do not need to estimate the book specific intercept 12 for all three equations. We also checked for multicollinearity and heteroskedasticity for 13 all three equations, and did not find any serious problems. 14
RESULTS
15
Although our final empirical model is a system of three equations, we first present the 16 results of pooled OLS regression of several variations of (2) in Table 3 , to show the 17 impact of including and excluding certain independent variables. We also want to see the 18 impact of simultaneity among sales, strength of recommendations, and price on the 19 estimation of various coefficients. Our intention is to show that the estimation could be 20 biased without strength of recommendation or without taking simultaneity into 1 consideration. 2
Column (1) in Table 3 shows the estimates without recommendation and lagged rank as 3 independent variables. Since the dependent variable is rank, the negative price elasticity 4 is counter-intuitive. The positive coefficient for average customer rating contradicts the 5 findings of past research on digital word of mouth (Chevalier and Mayzlin 2004) . 6
However, after adding strength of recommendation (as shown in column (2)) and lagged 7 rank (as shown in column (3)), both coefficients become insignificant. After adding fixed 8 book-specific effect (column (4)), all coefficients are significant and have the expected 9 signs. All fixed book-specific effects in column (4) are significant. Strength of 10 recommendation has significant impact across the last three columns although the 11 magnitude drops significantly after the lagged dependent variable is added. In summary, 12 the results from various pooled OLS regressions show that strength of recommendation is 13 an important variable and that the fixed book-specific effects are essential for correct 14 estimation. 15
Note that the results in column (4) of Table 3 could still be biased due to the endogeneity 16 of price and strength of recommendations. The estimates from the system of three 17 equations are presented in Table 4 . 18
The first column of estimates in Table 4 is for the demand equation with log of sales rank 19 as the dependent variable. All coefficients are significant and have the expected signs. 20
However, the values of the coefficients are different from the corresponding estimates 21 from column (4) in Table 3 . In summary, average rating, number of recent reviews, and 1 strength of recommendations all positively affect the demand of a book. 2
The estimates for the price equation, with log of price as dependent variable, are shown 3 in the second column in Table 4 . The competitor's price in the previous period positively 4 correlates with Amazon.com's current price, which is consistent with the nature of the 5 market. The coefficient of log rank suggests that the higher the demand of a book, the 6 lower the price Amazon.com tends to set. This might be explained by the nature of the 7 market and competition as well. The intensity of competition across retailers for books 8 that are in high demand could prompt Amazon.com to lower its price to compete with 9 other sellers. When the demand abates, Amazon.com might feel less competitive pressure, 10 therefore making more room for higher prices. In addition, it is a common marketing 11 practice to use a popular item as "loss leader" to aggressively attract customers to the 12 store and recover the loss by selling other profitable items to the same customer. 13
The positive coefficients for recommendations, along with those for reviews and rating, 14 provide very interesting insights. As mentioned earlier, these value-added services could 15 be considered as add-on components bundled with the product itself. They are meant to 16 provide signals of quality and fit to customers. The more recommendations a book 17 receives, the more confident would the customer be about its potential fit, therefore the 18 more likely that the retailer could recover the cost of providing recommendations by 19 passing it on to the customer. Similarly, the more reviews and the higher rating a book 20 receives, the more quality information is bundled with the book; hence the more likely 21 the customer would be willing to pay extra. This implies that retailers can use variouscustomer feedback mechanisms to differentiate their products that are otherwise 1 homogeneous across different sellers. These services even give retailers some room to 2 charge a slightly higher price. However, how much premium can be charged is ultimately 3 subject to the negative demand elasticity for price from the demand equation. 4
In the recommendation equation with strength of recommendations as the dependent 5 variable, the coefficient of log rank in the third column in Table 4 To test the robustness of the above results, we replace sales rank with sales quantity 12 derived from sales rank as an alternative measure of demand and run the 3SLS on the 13 system of equations. The coefficient estimates as shown in Table 7 are very consistent 14 with those in Table 6 in terms of both direction and magnitude. 15
To gauge the comparative advantage provided by the comprehensive measure of the 16 strength of recommendations, we also estimated the model using 'number of 17 recommendations' as a simpler measure of recommendation strength. Tables 5 and 6  18 report the results with this simpler measure. A comparison of these results with Tables 3  19   and 4 shows consistency in sign and significance of the variables with both measures. 20
However, using the comprehensive measure of the strength of recommendations enables 21 us to explain and capture a higher degree of variance in the system. According to the 22 factor analysis result for our construct of recommendation strength, one unit of change in 1 number of recommendations causes a quarter unit of change in the factor score. Therefore 2 the coefficient -0.13 for recommendation in Table 4 should translate to -0.033 in Table 6,  3 while the actual coefficient value in Table 6 is only -0.01. This suggests that using the 4 simple measure does not capture the intrinsic differences among different types of 5 recommendations, and therefore misrepresents the true impact. 6
Effect of Unrelated Paired Recommendations 7
As mentioned in Section 3, most paired recommendations are the top books from the 8 related recommendation list. According to Amazon, the items listed as related 9
recommendations have the highest scores of relatedness calculated according to its 10 proprietary algorithm. Furthermore, the item on top of the related recommendation list is 11 automatically listed as the paired recommendation. However, a small number of paired 12 recommendations are not top related recommendations. They are not even within the list 13 of related recommendations at all. We refer to these recommendations as unrelated paired 14 recommendations. Some correspondence with Amazon leads us to believe that these 15 unrelated paired recommendations are not based on the actual purchases but are being 16 used to promote certain authors and/or books on a paid basis. 17
This observation raises an interesting question: do unrelated paired recommendations that 18
are not based on actual purchases have the same effect on sales as those paired 19 recommendations that are based on actual sales? One argument could be that 20 sophisticated shoppers would realize that unrelated paired recommendations do not 21 reflect the true quality and product fit, and therefore would ignore them. An alternativeargument could be that, since Amazon usually provides an extra discount for bundles 1 involving unrelated paired recommendations, they might prove to be more desirable to 2 shoppers compared to items recommended through regular paired recommendations. 3
Given no theoretical expectations for whether there would be any difference in the impact 4 of unrelated and regular paired recommendations, and, if any, which would be stronger, 5 we empirically analyzed it by incorporating a dummy variable into the demand equation. 6
The value of the dummy variable is set to one if a book is recommended through at least 7 one unrelated paired recommendation and zero otherwise. We estimated the system of 8 simultaneous equations again with the dummy variable but did not find any additional 9 significant impact for unrelated paired recommendation. The coefficient for the dummy 10 variable is insignificant while all other coefficients are virtually unchanged. We attribute 11 this lack of effect to several possible reasons. First, the number of incidences of unrelated 12 paired recommendations is very small, counting for only 4% of the sample. The lack of 13 effect might be simply due to the lack of incidence. Second, since the impact of overall 14 recommendations is very strong, the additional impact of unrelated paired 15 recommendations, if any, could have been dominated and appear insignificant. Third, it 16 could be the case that most shoppers do not discern the difference between related and 17 unrelated paired recommendations and thus treat them as the same. We will elaborate 18 more on this matter in the next section. 19
DISCUSSION
20
In this research, we build a simultaneous equation model to study the interaction among 21 sales, recommendations, and retail prices. Our main focus is on the impact ofrecommendations on sales. We also explore the reinforcing effect of sales on 1 recommendations. Furthermore, we examine the impact of providing various value-added 2 customer feedback services, such as recommendations and reviews, on retailer pricing In the online domain, consumers provide feedback about their product preferences and 3 experiences to other consumers. This feedback could be explicit, as in descriptive reviews 4 and ratings, or implicit as in recommendations. Unlike reviews and ratings, where 5 consumers provide direct feedback about the product, recommendations provide an 6 indirect measure of the value of a product based on the common interest of the 7 community. We found that strength of recommendations, along with number of reviews 8 and average ratings, has a significant and positive impact on sales. 9
We also compare the difference in the impact among recommendations, reviews, and 10 ratings. According to the factor analysis, one extra paired recommender would cause the 11 factor score for strength of recommendations to increase by 0.247. Multiplying this by 12 the regression coefficient of 0.13 for strength of recommendations from the demand 13 equation, we get that, on average, one extra paired recommender could improve the sales 14 rank by 3%. By similar calculation, it can be seen that, on average, one extra customer 15 review would improve the sales rank by 1%. Even though it would require different level 16 of effort to get one more recommender or to get one more review, therefore the above 17 comparison must be interpreted with specific cost information, our findings provide a 18 starting point for decision-making regarding the optimal combination of add-on services 19 providing quality related information to customers. 20
There can be various explanations for this difference between different types of digital 21 word of mouth. Firstly, ratings and reviews usually come from consumers havingheterogeneous shopping patterns, while recommendations are based on the purchases of 1 consumers with homogeneous shopping patterns. Secondly, retailers usually use an 2 objective approach based on automated algorithms to derive recommendations and hence 3 they do not suffer from the possibility of dishonest feedbacks by phantom consumers. 4
Thirdly, recommendations are more useful to reduce shopper's search cost for fit when 5
facing a large variety of products. Reviews and ratings are useful when a shopper knows 6 what she wants, but recommendations increase sales by cross-selling and suggesting 7 items of which a shopper is unaware. All these benefits justify the investment in online 8 recommender systems, and our empirical results prove that it is a valuable addition to the 9 general digital word of mouth. categories such as consumer electronics where descriptive and detailed reviews may have 13 more persuasive power than recommendations. It will be interesting to see how 14 recommendations affect sales of other product categories. Third, for some analyses, even 15 though Amazon.com's ranking methodology is changed, we have mapped sales ranks to 16 sales based on parameters derived in studies conducted before the change took place. 17
Because of this, our analysis might not provide the exact impact of recommendations on 18 sales. However, the Pareto relationship between sales rank and sales should remain true 19 even after the change in the ranking method and hence our results remain valid even if we 1 may have used slightly outdated parameter estimates. Fourth, we could extend this 2 research to solve the retailer's decision problem to determine the degree and impact of 3 recommenders for various products. 
